In this paper, a framework is developed for the purpose of detecting small hidden objects through weigh-inmotion data for security purposes. The 3 statistical principle is used to separate the outlier events and noises with normal traffic flow and the collected wheel loads are further used to identify the possible locations and weights of hidden objects. Correspondingly, an in-lab experiment has been conducted to validate the algorithm and excellent results have been reached. The system can be implemented at any security port and help to increase the security screening efficiencies at these locations.
Introduction
There has been a consistent request for providing a high accurate security monitoring system through weigh-in-motion data. However most weigh-in-motion data are used for road enforcement purposes and seldom used for the security purposes.
Weigh-in-motion data used for road enforcement purposes and weight postings are widely conducted. Chatterjee, et al. (2006) adopted the wavelet domain analysis to identify vehicle axles from bridge response measurements, in which the axle and gross vehicle weights of vehicles travelling at highway speeds can be determined from instrumented bridges. Quilligan (2003) developed a 2-D multi-vehicle model for bridge weigh-in-motion analysis through his doctoral thesis. Uddin (2008) suggested a new bridge weigh-in-motion system for monitoring traffic weight as well as serving the purpose of structural health monitoring. Cetin and Monsere (2012) also completed a project recently on truck identification using axle-weight and axle spacing data. Sekula and kolakowski (2010) invented a Piezo-based weigh-in-motion system for railway transportations, which expanded the weigh-in-motion system to railways using advanced sensors.
In this paper, statistic wheel load distribution of empty vehicles will be first calibrated and abnormal wheel load events will be selected for further interrogation. Then the anticipated hidden object location and weight will be searched to match the measurement results of weigh-in-motion. From the research results obtained so far, the algorithm shows high efficiency and could greatly revolutionize the traditional security screening methodology.
Statistic Distribution of Weigh-in-motion Data Based on Standard Empty Vehicles
From the responses of standard empty vehicles on bridges, a bench mark model is created to check any other vehicles passing by. Since weigh-in-motion is a dynamic data tied with noises, a statistical method is suggested to separate the noise from the effect of abnormal/targeted objects.
Separation of Noises with Loaded Mass through Weigh-in-motion Data
A 3 criterion has been used in separating the outlier with noise. Currently a series of numerically generated data will be used in the first stage. Two cases have been suggested. One is the empty HS20-44 truck (Fig 1) . The weigh-in-motion data generated through a bridge by the truck are shown in Fig 2 and Fig 3. The parameters for the HS20-44 truck are shown in Table 1 . The bridge parameters are shown in Table 2 . Where {Ktyi, i = 1, 2, 3, 4} are the stiffness of the tires; {Csyi and Ctyi, i = 1, 2, 3, 4} are the friction coefficients of the suspensions and tires, respectively; Sd1, Sd2 are the wheel spacing of the front and rear axles respectively; a1, a2 are the distance ratio of truck gravity center to the front and rear axles compared to the front and rear axle space respectively; mc, ma1, and ma2 are the mass of the truck trunk loads, the front truck axle weight, and the back truck axle weight; Ic, Ia1, and Ia2 are the mass moment inertia of truck trunk, front wheel, and back wheel. 
where l is the span length; b is the bridge width; h is the deck thickness; , E, and  are the density, Young's Modulus, and Poisson's ratio of the deck material, respectively. It is necessary to point out that the higher stiffness of the bridge is used to include the effect of steel-concrete composite construction.
Three cases are simulated. One is the model output through the author's model published at Journal of Mechanics and Materials of Structures (Yang and Papagiannakis, 2010) . The other is the literature results from Marchesilleo, et al. (1999) . And the third data is the author's model with consideration of 1 in. uniformly distributed roughness. The roughness is defined as the elevation deviation from the average bridge surface profile and generated through a random number generator. The comparison of the displacement at the central location with coordinates of (13.2, 5.4) is shown in Fig 2 if the bridge deck surface is set as the coordinate plane with the left down corner as the origin. From Fig 2, we may see the author's model is accurate in capturing the central deflection of the literature results and roughness increases the variation of deflection of the bridge. Series 1 stands for the wheel load from the left front wheel, while series 2 stands for the wheel load from the right front wheel for the case of smooth deck surfaces. From Fig 3, we may see that variation of wheel loads is inherent with dynamics of bridges and vehicles. However a statistical analysis of data shall be able to filter out the variation and give indications of hidden abnormal objects. 
Mean Wheel Loads and Identification of Abnormal Events through Weigh-in-motion Data
Using the statistical analysis, the corresponding mean and standard deviation of the weigh-inmotion data can be easily obtained as shown in Table 3 . Any cases generated a wheel load event larger than the mean load plus/minus the 3 times standard deviation of the load history of the corresponding empty vehicle will be considered as an abnormal event and further interrogations need to be conducted.
Even though this task looks trivial, it shows great benefits to separate the vehicles passing. Based on the monitoring data through the Freight Analysis Framework 2 (FAF 2 ) freight traffic analysis report, a 30-40 percentage of vehicles belong to this region (FHWA FAF 2 FREIGHT TRAFFIC ANALYSIS, 2007). 
Load/Weight Distribution in the Truck through the Measured Weigh-in-motion Data

Tire Force Distribution in the Loaded Vehicle
First an assumed uniform distribution of the anticipated load is tried. And the difference between the loaded case and the empty truck case are shown in Fig 4. For example, a 100 kg is added to the truck and its front wheel load and central displacement compared to the empty truck case is shown in Figs 4 and 5 respectively. We may see from Fig 4 that the additional weight causes the tire forces shift upward. The shift magnitude is much larger than the variation of the tire forces with respect to its mean. Deflections also reflect this change, however its distribution is not very sensitive to the weight change as shown in Fig 5 . 
Identify Hidden Weights in the Vehicle
Based on the difference between the measured data and the uniformly loaded case, an optimized algorithm is suggested to update the shape of loads/weights to match the measured mean wheel loads at the four wheels. The inverse technique will be documented in another publication. Here a simplified version of the hidden object identification process is described.
Considering the truck as a plane model with two axles, a simple mechanism can be shown below to locate the hidden/abnormal mass (Fig 6) . The equilibrium of the vehicle can be written as, (1) (2) Where mc is the mass of the whole truck; m2 is the mass of the target object; d1 is the distance between the front tire to the gravity center of the empty truck; d2 is the distance between the target mass and the back wheel; k1 and k2 are the tire stiffness of the front wheel and the back front wheel respectively; g is the gravity acceleration; F1 and F2 are the wheel forces of the front wheel and the back wheel respectively. d is the distance between the front wheel and the back wheel.
Solve the above equations, we could obtain, (3) (4) Considering the truck as a 3D model with four wheels, a similar mechanism shown in Fig 7 can be used to locate the hidden mass. (7) where a is the distance between the front wheel to the back wheel; b is the distance between the tires in the front axle or the back axle; F1, F2, F3, and F4 are the tire forces of the four tires respectively. x and y are the location coordinates of the target mass.
Experiment Validation
A simple experiment is conducted to validate the above cases. A four wheel vehicle will be used for the experiment and an arbitrary mass is put in the vehicle at different locations to initiate the process. The truck and the hidden objects are shown in Fig 8. The extra mass is weight 272.2 N (61.2 lbs) and 97.9 N (22.0 lbs) respectively, which is hidden at different places for validation purposes. The distance between the front wheel and the back wheel is 0.84 m (33.0 in.) and the distance between the two tires in the front wheel axle is 0.45 m (17.5 in.). The weight of the empty truck is 1005.8 N (224.5 lb). Using the developed algorithm in this paper, the mean tire pressure, the detected abnormal mass location, and its weight is shown in Table 4 . From the derived results, we may see the framework is feasible to be adopted in identifying the hidden objects in a truck very accurately. Further improvement is anticipated in filtering the noises of the weigh-in-motion data and integrated with the customer report data to enhance the efficiency of the model. 
Conclusions
A hidden object identification model is suggested in this paper with consideration of variation of weigh-in-motion data, interaction of bridge and trucks, and simplified identification algorithms. Based on the modeling results, a physical weigh-in-motion experiment is conducted in lab and used to calibrate the model. Close results have been reached and hidden objects have been identified successfully with more than 88% accuracy, calculated as 1.0 less the ratio of difference between the predicted location and the actual location over the truck length. Further improvement could be obtained considering the shape of hidden object identification, better noise filtering, and integration with the customer report data.
